Abstract Using spectral Granger causality (GC) we identified distinct spatio-temporal causal connectivity (CC) patterns in groups of control and epileptic children during the execution of a one-back matching visual discrimination working memory task. Differences between control and epileptic groups were determined for both GO and NOGO conditions. The analysis was performed on a set of 19-channel EEG cortical activity signals. We show that for the GO task, the highest brain activity in terms of the density of the CC networks is observed in a band for the control group while for the epileptic group the CC network seems disrupted as reflected by the small number of connections. For the NOGO task, the denser CC network was observed in h band for the control group while widespread differences between the control and the epileptic group were located bilaterally at the left temporal-midline and parietal areas. In order to test the discriminative power of our analysis, we performed a pattern analysis approach based on fuzzy classification techniques. The performance of the classification scheme was evaluated using permutation tests. The analysis demonstrated that, on average, 87.6 % of the subjects were correctly classified in control and epileptic. Thus, our findings may provide a helpful insight on the mechanisms pertaining to the cognitive response of children with well controlled epilepsy and could potentially serve as ''functional'' biomarkers for early diagnosis.
Introduction
Nowadays, it is estimated that epilepsy affects more than 65 million people worldwide (http://www.epilepsyfounda tion.org). In Europe, around 6 million people are affected, a number which corresponds to a prevalence of about 8.2 per 1000 people (Cross 2011) . Regarding children, it is estimated that worldwide around 10.5 million children suffer from active epilepsy; more than 80 % of those children live in developing countries (Guerrini 2006) . Noteworthy is that epilepsy is about twice as common in children as in adults (Follett et al. 2012) . Although for the majority of those children a stable remission can be achieved before adulthood, they are still at risk with respect to learning/educational problems (Stores 1978; Henriksen 1990; Pavlou and Gkampeta 2011; Dimitriadis et al. 2015) , behavioral problems (Williams 2003) , attention deficits (Mirsky et al. 2001; Hernandez et al. 2003; Alloway et al. 2006) as well as to reduction of memory capacity (Jambaqué et al. 1993; McCarthy et al. 1995) .
Importantly, it has been shown that many of the above problems are closely related to impairments of Working Memory (WM), which is associated with basic cognitive functions including decision making (Toth and Lewis 1997) , reasoning (Ruff et al. 2003) , recognition (Bledowski et al. 2012) , mental arithmetic (Swanson 2006) and reading (Gathercole et al. 2004 (Gathercole et al. , 2008 . Furthermore, previous studies have shown that both visual and verbal WM is disturbed in various epilepsy types (Gülgönen et al. 2000; Chaix et al. 2006; Campo et al. 2009; Wagner et al. 2009 ; & Constantinos I. Siettos ksiet@mail.ntua.gr Luton et al. 2010) . Here, by means of a visual one-back matching task, we intended to study not the visual modality but rather the WM disturbance in general that is specific for epilepsy. Despite the rapid theoretical and technological progress advances in the field, the robust early diagnosis is still an open problem. Towards this aim various brain imaging approaches have been exploited including Electroencephalographic (EEG) recordings (Goodin et al. 1990; Smith 2005; Jan et al. 2001; Krause et al. 2008; Myatchin et al. 2009; Myatchin and Lagae 2011; Yang et al. 2012; van Diessen et al. 2013) , Magnetoencephalography (MEG) (Colon et al. 2009 ), functional Magnetic Resonance Imaging (fMRI) (Gotman et al. 2005; Grouiller et al. 2011) and Proton MR spectroscopy (Kuzniecky et al. 2001 ) (for a review see also Bano et al. (2011) ). Whereas well established neuroimaging analysis techniques such as ERP and event-related (de-)synchronization (ERS/ERD) have been applied to the analysis of the brain dynamics of normal and epileptic children (Jiruska et al. 2013; Klimesch 1999; Krause et al. 2008 ), significant work remains to be done towards the construction of the underlying anatomical and functional connectivity networks (FCN) (Sargolzaei et al. 2015b) . Towards this direction, several studies have investigated the emerged FCN in epilepsy in adult populations; however, relatively fewer have been focused in pediatric populations (Sargolzaei et al. 2015a, b) . To our knowledge there is no study that has examined the deployment of FCN across frequency bands for children with well controlled epilepsy as performing a WM task.
In this work, we employed spectral Granger causality (GC) to construct the emerged causal networks (CN) across frequency bands during a simple visual one-back matching WM task with GO and NOGO conditions for normal children and children with well controlled epilepsy. Our findings provide evidence of quadruple disassociation between groups and tasks of the spatio-temporal EEG cortical activation across frequency bands.
Materials and methods

Experimental procedure
Subjects
For this study, 21 children with established childhood epilepsy (range 6-16 years old; mean 11.43 years, SD ± 2.3, 10 boys) were selected. All children were admitted to the neurophysiology laboratory at the Department of Paediatric Neurology, University Hospitals KU Leuven, for a 24-h video-EEG monitoring during which the WM experiment took place. The children had no antiepileptic treatment (n = 3) or were on standard antiepileptic medication (monotherapy, n = 15, duotherapy, n = 3). Drug dosages were always within normal ranges. Visual inspection showed that none of the patients had structural brain abnormalities; MRI was done in 18 patients, showing normal findings in all cases. To avoid an acute effect of epileptic seizures on the child's performance, only patients with at least an 8 days seizure-free period preceding the test were included (see Myatchin et al. 2009 ). All children followed mainstream school and none had a history of learning problems. In the study group, children diagnosed with one out of two following epilepsy syndromes were included: benign rolandic epilepsy (BRE) (n = 9) and idiopathic generalized epilepsy (IGE) (n = 12, including childhood absence epilepsy (n = 5) and generalized epilepsy with tonic-clonic seizures (n = 7). Patients on monotherapy received valproic acid (n = 7), carbamazepine (n = 4), lamotrigine (n = 3) or sulthiame (n = 1). Patients on duotherapy received different drug combinations (see table at Myatchin et al. 2009) .
As a control group we selected 25 age matched nonepileptic children (mean age 10.76 years, SD ± 3.4, 17 boys), who did not display any school problem either. The study protocol was approved by the Ethical Committee of University Hospitals KU Leuven.
Design and stimuli
Children were instructed to observe a continuous stream of seven different figures presented one after the other in pseudo-random order at the middle of a computer monitor, which was located at a distance of 1.0 m from the subject's eyes. Everyday figures were used (horse, wardrobe, jacket, cake, comb, bunch of grapes, hammer), white with a black contour on a grey background, size 7.5 cm 9 6.5 cm, visual angle 4°18 0 9 3°02 0 . Each stimulus was presented for 1.5 s, followed by a delay of 1.0 s, after which the next stimulus was presented. During the delay period a fixation point (dark-grey cross) was shown at the middle of the screen to facilitate eye fixation. Any figure identical to the one immediately preceding it was defined as a target stimulus (probability 0.30). Children were asked to respond to all targets by pressing a button with their dominant hand. Both accuracy and speed were stressed. The length of a single experimental block was 5 min; the block contained 120 trials, 36 of which were targets.
Children were seated comfortably in a dimly lit registration room and were instructed to avoid movements to reduce muscle artifacts in the EEG signal and to look at the middle of the computer screen to avoid unnecessary eye movements. The instruction for the task was given directly before the task and exercise trials were performed until task understanding by the child was ensured. During the experiment, the experimenter sat out of sight of the child and no conversation was allowed.
EEG recordings
For the EEG recordings, 19 electrodes were placed according to the international 10-20 system at Fp1, Fp2, F3, F4, F7, F8, Fz, C3, C4, Cz, T3, T4, T5, T6, P3, P4, Pz, O1 and O2 positions. Additional four EOG electrodes were placed resulting in two EOG channels: horizontal EOGtwo electrodes on the outer canthi of eyes, and vertical EOG-two electrodes above and below one eye. EOG channels allowed us to detect both vertical and horizontal eye movements and effectively remove them from EEG recording during subsequent preprocessing of the signal. Two linked mastoid electrodes were used as a reference.
Data pre-processing
EEG was sampled at a frequency of 1000 Hz with 12 bits A/D converter and amplified using a band-pass filter of 0.095-70 Hz. Notch filter was off. Registration of the digital EEG was made using the software program BrainlaB 4.0 (OSG, Belgium). The impedance of all electrodes was monitored for each subject prior to recording and was always kept below 5 kX. Preprocessing of the continuous EEG was done off-line, using the EEGLAB v.5.02 toolbox (Matlab 7.0.4 platform). ECG channel was removed. Data were filtered with a 50 Hz digital low pass filter. Eye movement artifacts were marked and removed from the continuous signal without affecting the signal itself using an ICA-based algorithm (see Myatchin et al. 2009 ). EEG fragments containing other movement artifacts were removed. This resulted in an EEG signal clean from (eye) movement artifacts, which was then used for further analysis.
Afterwards, the continuous EEG signal was epoched according to the type of stimulus (Target and Non Target), with 750 ms pre-stimulus (delay period) and 1000 ms poststimulus (presentation period of the second stimulus, where the motor responses had not yet taken place). Omitted Target trials (i.e. trials without correct motor response) and committed Non Target trials (i.e. trials with a wrong motor response) were excluded from the analysis. We then performed a down-sampling at 500 Hz and we applied a baseline correction by subtracting the mean value of the last 200 ms of the pre-stimulus period.
Overall, we ended up with 92 datasets (21 epileptic 9 2 trial types ? 25 control 9 2 trial types) of 19 multi timeseries, which were divided into four group types (EpilepticTarget (ET), Epileptic-Non Target (ENT), Control-Target (CT), Control-Non Target (CNT)).
Computational methodology
Spectral GC analysis
Generally, the study of brain connectivity can be accomplished either at the sensor-level or at the reconstructed source-level, yet, both of them hold certain caveats (see e.g. Palva and Palva (2012) for a critical review). On one hand, analysis at the signal-level can lead to artificial or spurious interactions due to mixing at the source level (Stam et al. 2007 ). On the other hand, source reconstruction reduces source-mixing effects but does not remove them completely (Palva and Palva 2012) . Moreover source reconstruction introduces inherent ambiguities imposed by the ill-defined nature of the inverse problem (Dale et al. 2000; Kitzbichler et al. 2011) .
In this study, also due to the limited number of electrodes (19), we have chosen to perform a Granger-causal connectivity analysis at the sensor-level (Seth 2008; Zhang et al. 2013 ). In particular, we employed the so-called spectral GC (Barrett et al. 2012; Brovelli et al. 2004; Dauwels et al. 2010; Ding et al. 2006; Protopapa et al. 2014) , which is based on a Multivariate Autoregressive (MVAR) model, to construct the causal connectivity (CC) networks for all four group types (ET, ENT, CT, CNT).
Spectral GC is a metric of the influence of signal y on x at a given frequency x (Barrett et al. 2012) Here,
H is the inverse of the transfer matrix (the Fourier-transformed matrix of the model coefficients) and acquires the use of a linear regression model:
, with p being the number of lags included in the Multivariate Regression model (Blinowska et al. 2004 ) and t 0 the time between successive observations. r xx , r yy are the diagonal elements of the covariance matrix: R r xx r xy r yx r yy ¼ cov E x ðtÞ E y ðtÞ
!
; where E x (t) and E y (t) are the residual errors of the AR model in time domain. We measured the CC between each pair of 19-channel EEG cortical activity signals at each frequency in the range of [1, 45] Hz. To reveal any time-varying causal interactions in this frequency range, the analysis was performed on sliding time-windows. The range of each window was set at 500 ms and the sliding step was set at 20 ms. The selection of the size of time window was based on the requirement for stationarity and adequate frequency and time resolution. Thus, we ended up with 39 sliding-windows (13 in pre-stimulus and 26 in post-stimulus period).
The previous step (time-windowing) along with differencing ensured the stationarity of our data, which was tested via the Kwiatkowski-Phillips-Schmidt-Shin test at a critical level of 0.01 (Kwiatkowski et al. 1992) . The modelorder (number of lags) p is estimated via the Bayesian Information Criterion (BIC) (Schwarz 1978) . In our computations we allowed p to range between 1 and 20. As a result, the values of ps ranged between 9 and 19 (mean at 12), which are consistent to previous studies (e.g. Barnett and Seth 2011; Keil et al. 2009; Nicolaou et al. 2012; Protopapa et al. 2014) .
At the final step of the analysis, we tested whether the derived GC pairwise values at each time-window were statistically significant across frequencies. Thus, we adopted a random permutation approach (Brovelli et al. 2004; Bollimunta et al. 2008 ) by constructing 100 surrogate data via rearranging the time-windows (for each trial separately) and calculating their GC-values (Seth 2010) . Only the GCvalues that were higher from the 95 % of the GC-values of the surrogate data were considered as statistically significant. Here, in order to address the problem of multiple comparisons, we adopted false discovery rate (FDR) approximation (Benjamini and Hochberg 1995) .
To obtain the so-called ''band-limited GC'' (Barrett et al. 2012) , we coarse-grained our data into five frequency bands [d (1-4 Hz), h (4-7 Hz), a (8-12 Hz), b (13-30 Hz) and c
with [x 1 , x 2 ] being the frequency range of each frequency band. Thus, for each group type, subject, frequency band and sliding-window, we had a 19 dimensional matrix, which contained the significant pair-wise directed GC-values between all nodes.
All the above calculations were performed using Seth's Granger causality Connectivity Analysis toolbox implemented in MATLAB (Seth 2010) . Due to the large quantity of datasets and the significantly high computational demands we parallelized the procedure exploiting a 48 Quatro Core LINUX cluster with 3.2 GHz Intel Xeons and 48 GB RAM.
Construction of the causal connectivity networks
Our first aim was to detect for each group type (ET, ENT, CT and CNT) any statistically significant differences of each connection from the pre-stimulus period, which, for all practical reasons, consists the baseline period of our visuospatial WM task. To reveal the differences between networks, we employed the non parametric Wilcoxon test (with the significant threshold set at 0.05) across subjects between all the GC-values of the pre-stimulus period and the GC-values of each sliding-window. Here, given that each time the same GC-values of the pre-stimulus period were compared, the problem of multiple comparisons was raised and to accommodate it we applied the so called cluster-based permutation algorithm (Maris and Oostenveld 2007) . Specifically, we repeated the aforementioned procedure 200 times by performing the non-parametric Wilcoxon test between the prestimulus GC-values the GC-values of each sliding-window of the surrogate data [random permutation in time of the original data (GC series)]. We then calculated the length of the sequential significant GC-values of the original data and rejected it as noise when it was smaller than the 95 % of the length distribution of the significant permuted sequential points. We note here that none sliding-window of the prestimulus period was computed to be significant.
Consequently, for each one of the group types and at each sliding-window, we were able to construct the binary directed causal networks with edges obtained from the statistically significant different from the baseline sequential GC-values. If the distribution (over subjects) of GCvalues between a pair of electrodes was determined to differ significantly from that of the pre-stimulus period then this connection was set to 1; otherwise it was set to 0.
Our second and most important aim was to detect any statistically significant differences between the group types. Thus, we proceeded with four planned comparisons between the group types, namely (1) CT versus CNT, (2) ET versus ENT, (3) CT versus ET and (4) CNT versus ENT. We applied the non-parametric Wilcoxon test at each slidingwindow, frequency band and pair of electrodes between the GC-values of each group type that were found statistically significant different compared to the pre-stimulus period. The significant threshold was set at 0.02 corrected with FDR. If there was no statistically significant difference between the distributions of GC-values then the connection was set zero. If a statistically significant difference was found and simultaneously the median of the distribution of GC-values of the first group type [CT in (1), ET in (2), CT in (3) and CNT in (4)] was greater (lower) than that of the second group type [CNT in (1), ENT in (2), ET in (3) and ENT in (4)] then the connection was set to ?1 (-1).
The above analysis resulted to the construction of four binary directed networks whose connections represent statistically significant differences between the group types that pertain to the specific comparison.
Classification of subjects-performance evaluation of the resulting network patterns
To test the discriminative power of the proposed methodology between control and epileptic children, we proceeded as follows.
For each subject we computed the causal networks, whose connections were statistically significant different from those of the pre-stimulus period. To do so, at each time-widow we accepted as statistically significant different connections only those whose GC-value were outliers when compared to the distribution of GC-values within the pre-stimulus period. For this test, we used the Dixon's Q-test (Dean and Dixon 1951) with a 99 % confidence interval. We then implemented a pattern analysis (see e.g. Zeng et al. 2012) approach to evaluate the performance of the discriminative power of the statistical measures of the resulting networks.
Here, the classification of each subject in the control or in the epileptic group was performed using the fuzzy-kNN algorithm (Keller et al. 1985) , which assigns a membership value in the interval [0, 1] reflecting the subject's membership in each group. The membership value is computed as a function of the distances of each subject's network characteristics and its corresponding k-nearest neighbor's network characteristics. Other approaches such as support vector classification (Zeng et al. 2012 ) can be also employed.
Due to the relatively limited number of subjects (21 epileptic children and 25 healthy children), we used the leave-one-out cross-validation technique to estimate the generalization ability of our classifier (Zeng et al. 2012) . To validate the performance of our classifier we employed a permutation procedure. In particular, we permuted 10,000 times the labels (control/epileptic) of our training set and accepted as correct classifications only those whose membership value to the correct group was greater than the 95 % of the permuted membership values.
Results
Figure 1 depicts with solid lines (for visualization purposes) the discrete temporal evolution of the total degree of the CC networks for each group type (ET: orange, ENT: red, CT: grey, CNT: blue) at each one of the five frequency bands (d, h, a, b and c). The CT group exhibits higher network activity (as reflected by the total degree) in a band (max *75°). Indeed, the total degree in a band appears to be approximately the double compared to that of other frequency bands but also to the other group types for a large period of time during the post-stimulus period (grey bars: 2, 3, 4). The CNT group exhibits higher network activity mainly in h band (max *65°), but also in d and b band (max *45°), for a period that lasts around 200 ms (grey bars: 1, 2 for d, h and grey bars: 2, 3 for b band). The ET group exhibits relatively small total degrees in all frequencies bands (*10°) with the exception of b band which exhibits a rather high activity (max *42°) at *300 ms within the post-stimulus period (grey bar: 3). Finally, the ENT group possess higher network activity at *300 ms in a band (max *40°) (grey bars: 3, 4) and in b band (max *35°) (grey bar: 3). The CC networks for all group types are remarkable sparse at c band.
Figures 2, 3, 4 and 5 illustrate both the discrete total degree of the CC networks of statistically significant differences among group types (top figure) and their corresponding topographic maps (bottom figure) depicting the spatial distribution of the average significant differences, over the corresponding time periods for d, h, a, b bands. The topographic maps were created with the aid of FieldTrip (Oostenveld et al. 2011) .
Differences between CT and CNT Profound differences were found in all bands (except that of c band) (Figs. 2, 3, 4, 5) . In d and h bands the maximum difference was observed at the beginning (Figs. 2, 3 top) , while in a at the end (Fig. 4 top) and in b mainly in the middle (Fig. 5 top) of the post-stimulus period. In d band, the CNT CCN (compared to the CT) exhibited significantly higher degree nodes mainly at right parieto-occipital and left frontal brain areas [Fig. 2, bottom-1st line (1-3 maps) ]. In h band, the CNT network was denser at the right parietooccipital and left temporal-midline brain areas compared to the CT's CCN (Fig. 3, bottom-1st line [1-3 maps) ], while the CT CCN exhibits higher degree nodes with a narrower focus at the left midline and right midline channels [Fig. 3 , bottom-1st line (4-5 maps)]. In a band, the CT CCN appears to be denser at frontal and right-midline channels [Fig. 4 , bottom-1st line (4-5 maps)]. Finally, in b band the CNT network exhibits higher degree nodes at the left- 
Differences between ET and ENT
Differences were found mainly in a and b bands (Figs. 4,  5) . In both bands the maximum difference was observed at the end of the post-stimulus period (Figs. 4, 5 top) . In a band, the ENT network (compared to the ET) exhibited significantly higher degree nodes mainly at left parietooccipital and left frontal brain areas [Fig. 4 , bottom-2nd line (4-5 maps)]. The ET network (compared to the ENT) was denser mainly at the frontal and left midline brain areas in b band [Fig. 5, ].
Differences between CT and ET
Differences here were found mainly in a and b bands (Figs. 4, 5) . In both bands the maximum difference was observed at the end of the post-stimulus period (Figs. 4, 5  top) . The most profound differences were in a band, where the CT network exhibited profoundly higher degree nodes in a wide range of channels including left midline, parietooccipital, right midline and frontal brain areas [Fig. 4 , bottom-3rd line (3-5 maps)].
Differences between CNT and ENT
Here, similar differences to the CT versus CNT grouptype were observed. In particular, in d and h bands the maximum difference was observed at the beginning (Figs. 2, 3 top) , in a at the end (Fig. 4 top) and in b mainly in the middle (Fig. 5 top) of the post-stimulus period. In d band, the CNT CCN exhibited significantly higher degree nodes mainly at right parieto-occipital and central midline brain areas [ Fig. 2, bottom-4th line (1-4  maps) ]. In h band, the CNT CCN was denser mainly at the right parieto-occipital and left temporal-midline brain areas [ Fig. 3, bottom-4th line (1-3 maps) ]. In b band the CNT network exhibits higher degree nodes mainly at leftmidline brain area extending throughout the post-stimulus period [ Fig. 5, bottom-4th line (1-5 maps) ]. Less widespread differences (compared to d and h bands) were observed also in a band, where the CCN of the CNT group type was denser at left-midline channels [Fig. 4 , bottom-4th line (4 map)], while the ENT's CCN exhibits higher degree nodes at left frontal channels [Fig. 4 , bottom-4th line (4 map)].
Classification results-discriminative power
The results indicate that a ''good'' variable that could serve as potential discriminator between groups could be the total degree (see Fig. 1 ). Indeed, regarding for example the GO task, the total degree is striking larger in the control group at a band for the period *[135, 415] ms; for the NOGO task, the total degree of the epileptic group is significantly bigger at h band for the period * [35, 215] ms. Based on this global variable, the proposed classification scheme achieved an average accuracy of 87.6 % (at 95 % using permutation). In particular, the classification scheme resulted to 88 % for the CT, 71.2 % for the ET, 96 % for the CNT and 95.2 % for the ENT group.
Discussion
One of the main targets in connectomics is the identification of distinct spatio-temporal patterns in the topology of the brain network activities, which would enhance our understanding of the mechanisms that pertain to brain function, and/or serve as potential ''bio-markers'' for early diagnosis and monitoring of neurological disorders. Depending on the target, the sought connectivity pattern can be anatomic (structural), functional and/or effective (causal) (for a review see e.g. Friston 2011; Smith et al. 2013) .
In this work, using spectral Granger causality on EEG recordings, we identified characteristic spatio-temporal CC patterns pertaining to the emerged cortical activity of groups of control and epileptic children in the interval that coincides with the time window of stimuli discrimination during a one-back matching visual WM task with GO and NOGO conditions. Using this method, a quadruple dissociation between control and epilepsy groups for GO and NOGO tasks was revealed. This clear dissociation emerged at the level of causal connectivity both in time and in space. Our results build up and support hypotheses of previous studies highlighting the distinct important role mainly of h and a activity in cognitive processes such as visual discrimination involving the mechanism of WM.
At this point we should note that the degree distribution is the first of the statistical measures that one would use for measuring both coarse (global) and detailed/spatial (local) structural differences (and therefore differences) between the reconstructed CC networks. Other well known metrics, such as the average path length, clustering coefficient, small-world index (which belong to the global measures) and centralities (which belong to the local measures), could be also used. These measures are used to reveal differences between networks that maybe are not apparent with the degree distribution. In our case, the degree distribution provides a clear dissociation among the different network topologies. Hence we did not proceed to compute other ''higher order'' measures. Furthermore, the resulting statistically significant CC networks were rather sparse (with a maximum of 80 connections), which make the use of ''higher order'' measures such as mean clustering, smallworld index and centrality more ambiguous.
In line with many other studies that have employed GC, we have chosen to perform the causal connectivity analysis on the sensor-level EEG signals. Source reconstruction, apart from the inherent ambiguities imposed by the ill-defined inverse problem (Dale et al. 2000; Kitzbichler et al. 2011) does not remove source mixing effects completely (see e.g. Palva and Palva (2012) for a critical review). Furthermore, it has been shown that such reconstruction procedures including Laplace transformation alter the original correlation between signals and the phase relations and for that matter the causality directions are disturbed (Kaminski and Blinowska 2014) . Thus, our findings should not be interpreted as actual brain interactions but rather as apparent spatio-temporal patterns emerged at the sensor level, which however provide statistically significant differences in time-space and frequency between normal and epileptic children.
In our study, twelve children were diagnosed with idiopathic generalized epilepsy (IGE). In a recent study, Wei and coauthors found functional connectivity alterations between intrinsic connectivity networks in patients with IGE, with fronto-parietal areas largely involved (Wei et al. 2015) . As group differences in our work were frequently located over the frontal and parietal regions, it is possible that those differences are partly explained by the intranet work connectivity alterations similar to those found in IGE patients in aforementioned study. However, this could not be the solely explanation as the patient cohort as well as methodology differed between our work and this of Wei and his colleagues.
GO task
For the GO task we found that the highest CC network activity is observed mainly in a band for the control group. The epilepsy group exhibits its highest CC activity in b band, while in a band the CC network seems disrupted as reflected by the small number of connections. Consequently, in a band the spatio-temporal differences between the CT and ET were more striking and widespread, compared to other frequency bands. These results come in accordance with other studies underlying the enhanced a band activity during higher level attention tasks and decision processes (Klimesch et al. 2004; Marzetti et al. 2014; Palva et al. 2010 ). Killory and his colleagues, found that children which suffered from absence epilepsy (subgroup of idiopathic generalized epilepsy) showed decrease connectivity and thus presented disrupted attention networks compared to normal subjects in alpha band (Killory et al. 2011 ). Hongou and his colleagues reported a decrease of alpha-2 power in children with epilepsy compared to control group (Hongou et al. 1993) .
NOGO task
Regarding the NOGO task, the denser CC network among all group types was observed at h band for the control group. Differences in the spatial topography between the CT and CNT group types were also more widespread in h band. Studies investigating the synchronization between brain areas under motor inhibition (relevant to NOGO tasks) an enhanced widespread synchronization was found at theta band. It is argued that the NOGO processes involve several sub-processes like discrimination of the stimulus, decision not to move and inhibition of the motor action, thus implying that activation should involve multiple brain areas (Müller and Anokhin 2012; Shibata et al. 1998 ).
Our results show that the epilepsy group exhibits its highest CC activity in a band but with significantly lesser network connections compared to the control group in h band. Widespread differences between CNT and ENT were found mainly in h band bilaterally at left temporal-midline parietal areas. Concluding, our findings may provide a helpful insight on the mechanisms pertaining to the cognitive response of children with well-controlled epilepsy and could potentially serve as ''functional'' biomarkers (PonjavicConte et al. 2012 ) for diagnosis and monitoring purposes.
Possible limitations
Studies on cognition in children with epilepsy always have to take into account different confounding factors (Lagae 2006) . Here, although we could not completely control for the possible effect of anti-epileptic medication, we did not see any performance differences in the epilepsy group, which is already reassuring in this respect. Furthermore, there are some reports in the literature stating that epilepsy treatment resulting in a seizure-free state, leads to a normalization of functional connectivity between different brain regions (Clemens et al. 2013 (Clemens et al. , 2014 .
Motor artifacts are the common problem in the neurophysiological studies. We thoroughly performed an artifact resection procedure during the preprocessing stage thereby receiving an EEG signal clean from (eye) movement artifacts and epileptic activity, which was then used for further analysis. However, it is currently appeared to be a more complicated issue than was previously thought. As shown in the recent study of Zeng and colleagues (Zeng et al. 2014) , there is a bidirectional relationship between head motion and brain connectivity. Namely, the connectivity in a distributed set of cortical regions, primarily in the default network, was stronger in subjects with lower head motion than in those with high head motion. One could surmise that these differences can partly explain the between-group differences found in our study. On the other hand, we cannot directly extrapolate the results of the work of Zeng et al. to our study. Firstly, Zeng et al. employed a limited group of the healthy subjects. Furthermore, no research on this issue is done in different pathologic conditions and it is therefore not known whether the disease-specific patterns of head motion exist.
Regarding the computational method that we employed to reconstruct the CC networks, i.e. the spectral GC, this is not a model-free method (Hu and Liang 2012) ; it requires the use of a linear regression model. This could lead to spurious results if the underlying dynamics are nonlinear and/or generally if they do not comply with AR structures. One could alternative use non-parametric approaches which bypass the problems that are linked with the identification of an explicit model (Wen et al. 2013) . The comparison of the efficiency of different approaches in reconstructing the ''actual'' connectivity networks remains still an open problem (see e.g. Astolfi et al. 2007; Wu et al. 2011; Seth et al. 2015) .
